This paper presents a method to compare indices of inequality in health that are based on short-run and long-run measures of health and income. For pure health inequality (as measured by the Gini coefficient) and income-related health inequality (as measured by the concentration index), we show how measures derived from longitudinal data can be related to cross section Gini and concentration indices that have been typically reported in the literature to date, along with measures of health mobility inspired by the literature on income mobility. We also show how these measures of mobility can be usefully decomposed into the contributions of different factors. We apply these methods to investigate the degree of income-related mobility in the GHQ measure of psychological well-being in the first nine waves of the British Household Panel Survey (BHPS). This reveals that dynamics increase the absolute value of the concentration index of GHQ on income by 15%, or 1.7% per year on average, for men, and 5%, or 0.6% per year, for women.
Introduction
Health economists have developed analytic tools for the measurement and explanation of incomerelated health inequalities. The concentration index of health on income (Wagstaff et al. [1, 2, 3] ; van Doorslaer et al. [4] ; Humphries and van Doorslaer [5] ) is nowadays the most popular measure of relative income-related health inequality, and the regression-based decomposition methods of Wagstaff et al. [6] are being used in a variety of settings and populations (e.g., Wildman [7] , van Doorslaer and Jones [8] ). Recent work by Bommier and Stecklov [9] argues that the concentration index is a more appropriate measure than inequality indices derived from a social welfare function if equity is defined according to a social justice approach. This approach defines "the health distribution in the ideal equitable society as one where access to health has not been determined by socioeconomic status or income" (Bommier and Stecklov, [9, p. 502] ). While these methods have been applied to cross sectional information, it is evident that attention must be paid to the dynamics of health and their relation to socio-economic characteristics as revealed by longitudinal data (e.g., Adams et al. [10] ; Benzeval et al. [11] ; Contoyannis et al. [12, 13] ; Hauck and Rice [14] ). This paper presents a method for the analysis of health inequalities when longitudinal data is available.
We show that there are important features of income-related health inequality that cannot be revealed by cross sectional data. Our departure point is provided by measurement tools from the income distribution literature. In order to approach a measure of inequality in lifetime income, Shorrocks [15] considered inequality in the distribution of individual incomes averaged over a sequence of time periods. In particular, Shorrocks introduced the concept of income mobility to capture the degree to which income inequalities fade as the time window over which the population is analysed extends. This methodology, which has been used by a variety of authors (e.g., Jarvis and Jenkins [16] ; Cantó Sánchez [17] ) in the context of income inequality, can be a fruitful empirical tool for the analysis of pure health inequality over the lifecycle. When interest is focused on income-related health inequalities, the parallel question is whether taking a longitudinal perspective reduces or increases the measure of income-related health inequality and, if so, how can one measure the relevant change. For example, a concern with inequalities in individuals' whole lifetime experience of health would mean taking an average over the whole lifespan. The question addressed here is whether this long-run perspective changes the results that can be obtained from a short-run perspective.
In this paper we use Shorrocks's [15] framework for the analysis of mobility with a view to developing a measurement tool for the change in measured income-related health inequality. Our analysis shows that, whenever there are systematic differences in health between those individuals who are upwardly (income) mobile and those who are downwardly mobile, long-run income-related health inequality will differ from the picture that one might obtain when measurement is made either over a short time span or over a sequence of independent snapshots, which do not capture individual dynamics in income and health. More specifically, if healthy individuals are upwardly mobile and unhealthy individuals are downwardly mobile, the index of income-related health inequality will tend to increase as the period of measurement lengthens. Such changes can be measured by an index of health-related income mobility. Whether the ethical concern is with inequality in short-run measures of health or with inequality in long-run health, the discrepancy between the two can only be measured using longitudinal data, as this allows different periods of measurement to be compared.
The analysis presented here is based on the familiar concentration index of health on income (Wagstaff et al. [1] ). However it has been argued (e.g. Gakidou et al. [18] ) that all health inequalities can to some extent be a cause of concern, not just those which display a systematic relationship with indicators of socio-economic status. Systematic health disparities have been shown to exist not only with respect to variables like income and education, but also with respect to place of residence, race, marital status, ethnic origin and a host of other characteristics of groups or individuals which health policy makers may find relevant. Consequently, it may be of interest to be able to compute measures of total inequality in health and decompose them into their sources, including socioeconomic factors like income. Although we present our analysis in terms of the concentration index for income-related inequality in health, all of our derivations could be applied to the Gini coefficient for total inequality in health, simply by replacing income rank with health rank (e.g. Le Grand [19] , and Wagstaff, et al. [2] ).
One of the attractive features of the concentration index as a measure of income-related inequalities in health is the possibility to incorporate an econometric model for health and subsequently proceed to the decomposition of inequality into the contributions of each of the regressors (Wagstaff et al. [6] ). By analogy, we show how health-related income mobility can be decomposed into the contributions of covariates in an econometric model. Both concentration indices and the new index of health-related income mobility require a cardinal measure of health outcome that can be aggregated across time in a meaningful way. We illustrate these methods by analysing the dynamics of income and mental health, as measured by the GHQ index of psychological well-being in the first nine waves of the British Household Panel Survey (BHPS), where GHQ is measured using an (additive) Likert scale. It is worth noting that the mobility index could be applied to other measures of health outcome such as (cardinal) QoL scores or specific indicators of morbidity such as days lost through illness or the number of symptoms reported.
Our empirical application takes samples of mean and women from the BHPS and compares the GHQ score measured over one year with the score averaged over nine years. The results reveal that over the long-run, represented here by period the nine years, adverse mental health is more concentrated among the poor. In particular, individual dynamics increase the absolute value of the concentration index of GHQ on income by 15%, or 1.7% per year on average, for men and 5%, or 0.6% per year, for women. Simple econometric models for the GHQ score are able to isolate some of the contributors to this change, but an overwhelming proportion is attributable to unobserved individual heterogeneity.
In Section 2 we demonstrate the desirability of a longitudinal perspective in the analysis of incomerelated health inequalities by means of a series of simple examples. Section 3 presents the formal derivation of the measure of health-related income mobility and its decomposition through an econometric model for health. Section 4 presents and discusses the empirical results from the BHPS and Section 5 concludes.
The advantages of a longitudinal perspective for measuring incomerelated health inequality
Imagine that we are interested in a population of three individuals and we observe them over three periods. There are three possible health states with (cardinal) outcomes [1, 2, 3] and three possible income levels [10, 20, 30] . First consider a baseline situation where there are no changes, neither in health nor in income: the three individuals always have the same level of health and income, as represented in Table 1 . The cross sectional concentration indices of health on income in case 1 are:
Period 2: 0.2222
The joint distribution of individual average health and average income after three periods is given in Table 2 . The concentration index of average health on average income in this distribution is 0.2222 again. Now consider a situation where there is perfect mobility both in income and health. That is, the three individuals each experience the three possible health states and income states over the three periods. This is shown in Table 3 . The cross sectional concentration indices for case 2 are exactly the same as in the baseline situation.
However, the joint distribution of individual average income and average health after three periods is shown in Table 4 . The concentration index for this distribution is 0. Clearly, the cross sectional measures are unable to capture this important difference with respect to the baseline situation. In this case mobility, understood as the percentage by which the concentration index for the distribution of individual averages differs from the average of cross sectional measures, is 100 per cent. Now consider a third situation, in Table 5 , whereby an individual has poor health over the three periods but, from a cross sectional point of view, does not fare too badly in terms of income, because he ranks second in the income distribution each period. Over time, however, the other two individuals experience changes in income. When we analyse the distribution of average income and health over the three periods, in Table 6 , the picture is completely different. The concentration index of average health on average income for this distribution is 0.2222. That is, income-related health inequality increases when the long-run measure of health is used. It is important to stress the potential empirical relevance of this last scenario. As far as income is These three scenarios illustrate the advantages of taking an inter-temporal perspective. The preceding discussion suggests how longitudinal information permits the calculation of incomerelated inequality measures over a long time span. In the following section we show the relation of one of these measures, the concentration index of health on income, to its cross sectional counterparts and formally derive an index of health-related income mobility inspired by the results in Shorrocks [15] .
Health-related income mobility and income-related health inequality
Suppose that longitudinal data is available and we can observe a population of N individuals over T time periods. Consider the following variables: We can now write the concentration index of health on income for each sub-period, t, as (e.g.,
The corresponding expression for the Gini coefficient of health would be obtained replacing the income rank by the health rank (Lerman and Yitzhaki [21] ; Lambert [22] ). Similarly, we can define the concentration index for the distribution of average health after T periods as,
Noting that the first term in the expression above is easily related to the within-period concentration indices, this can be re-written as,
Equation (5) is a key result. It shows that the concentration index for average health after T periods can be written down as the sum of two terms. The first term is a weighted sum of the concentration indices for each of the sub-periods (with weights equal to the share of "total" health in each period). If the income ranking remains constant over time, the standard decomposition result tells us that the concentration index for the average over time is equal to the (weighted) average of the concentration indices. However income ranks may change over time. The second term in equation (5) captures the difference between period specific income ranks and ranks for average income over all periods and their relationship to health. This expression is related to the family of measures developed by Shorrocks. In fact, in the case of the Gini coefficient, the results in Shorrocks [15, p. 382] guarantee that the second component has zero as a lower bound. The lower bound would be attained when individuals never change their rank in the health distribution as time passes. For the concentration index, however, the second term could be either positive or negative. This term will be different from zero if the following two conditions hold:
i)
The income rank of individuals is sensitive to the length of the time window over which measurement is taken, i.e. there is income mobility, as defined by Shorrocks.
ii) These changes in income rank are associated with systematic differences in health. Table 7 illustrates the decomposition, given by equation (5), for the three hypothetical scenarios described in Section 2. In case 1 there is no income mobility, so the second term is zero regardless of whether there is health mobility. In case 2, the health level of each individual moves in parallel to their change in income rank. Consequently the second term counteracts the first term and incomerelated health inequality is zero when measurement is taken over the three periods. In case 3 there are no health changes, but the second term still is not zero. This is because individuals who are downwardly (income) mobile, in the sense that, in the long-run, their income rank is lower than in the short-run (even if their absolute income does not change) -individuals of type 1 -have a lower than average level of health in the short-run, compared to individuals who are upwardly mobileindividuals of type 3. This exacerbates income-related health inequality when a long-run perspective is taken, as reflected in the negative sign of the second term. Case 3 illustrates an important situation. Even if individuals do not experience health changes, long-run income-related inequality can be greater than that obtained with snapshot cross-sectional estimates, as long as the patterns of income mobility are systematically related to health. Averaging the short-run measures of inequality will tend to underestimate the long-run picture when individuals whose short-run income position is better than their long-run position tend to have lower than average health.
It is useful to measure how much the longitudinal perspective alters the picture that would emerge from a series of cross sections, in the same spirit as Shorrocks' [15] index of income mobility. We may define an index of health-related income mobility as,
This is simply one minus the ratio by which the concentration index for the joint distribution of longitudinal averages differs from the weighted average of the cross sectional concentration indices, due to the systematic association between health and changes in the income rank of an individual.
Note that in situations where income-related inequality tends to fade either solely due to health mobility or solely due to income mobility, the index in equation (6) would be zero. In these cases the second term in equation (5) would be zero and the information contained in the series of cross sectional concentration indices would be sufficient to capture the dynamics of interest.
The last column in Table 7 contains the values of the mobility index for each of the three hypothetical cases. Obviously in case 1 the index is equal to zero. In case 2, income-related health inequality vanishes when health is averaged over three periods. This is due to the perfect association between the short-run level of health and income rank, so that there is perfect mixing and each individual experiences each of the short-run combinations of health and income. Thus the mobility index equals one in absolute value. Since the association between health and changes in the income rank of the individuals in case 3 makes the level of long-run income-related health inequality greater than that which we could infer from the cross sectional information, the index is negative. The particular numbers chosen for the example result in a 500% increase in income-related health inequality when the longitudinal perspective is adopted (CI T = 0.2221), rather than using the weighted average of the cross section concentration indices (=0.037). For the purposes of next section, it is convenient to write equation (6) in a slightly modified way. In particular note that we can write, 
Decomposition of the mobility index by factors
This section shows how, departing from an econometric model for the level of health, the mobility measure can be decomposed into the contributions of different regressors. This extends the regression-based decomposition of the concentration index by factors presented in Wagstaff et al. [6] . Assume that the association between the level of health and a set of socio-economic variables (x) can be adequately represented by the following linear regression model,
The first order conditions for the least squares estimation of the model imply that,
Now substitute equations (8) and (9) into equation (7) to obtain, ( )
Define the x k -related income mobility index after T periods as,
Equation (10) can be written as the following expression, but which has a pro-poor distribution ( CI < 0), will have a negative "elasticity". In this sense, the expression gives an inequality-weighted elasticity.
So, the explained part of the mobility index, i.e. For our illustrative application a subset of individuals who had a full interview at each of the nine waves, between 1991 and 1999, is used. This balanced sample mimics the balanced population used in the derivation of the indices in section 3. A more elaborate analysis might take account of entry and exit in the sample and, for example, use inverse probability weights to ensure that each wave is cross-sectionally representative. Instead our results show the impact of comparing short-run and long-run measures of health for the cohort of individuals who appear in wave 1 and can be followed through all subsequent waves. Selecting the balanced cases gives an initial sub-sample of 6,080 individuals. From these we have dropped those who do not report the GHQ score in all waves (1,097 individuals) and those whose full household income is reported to be either below £2000 or above £77,000, or is missing during any of the 9 waves (426 individuals). [7] ). The shortened GHQ includes 12 elements:
concentration, sleep loss due to worry, perception of role, capability in decision making, whether constantly under strain, perception of problems in overcoming difficulties, enjoyment of day-to-day activities, ability to face problems, loss of confidence, self-worth, general happiness, and whether suffering depression or unhappiness. Responses are given on a 4-point scale ranging from 0 to 3, with 0 being the best score. For our dependent variable we use the Likert scale, which sums the individual components (Likert [27] ). This gives an overall scale that runs from 0 to 36. To make the interpretation of results more intuitive and consistent with the discussion in sections 3 and 4, we have re-scaled this measure in order to make it increasing in good health. Therefore we use GHQ'=36-GHQ rather than the original GHQ score.
Mobility indices and decompositions
The CI t column in Table 8 
Decomposition of mobility by factors
Next we use a regression model for the level of GHQ' score in order to decompose the healthrelated mobility index into the contributions of different covariates. The specification of the model is drawn from the analysis of the BHPS in Hauck and Rice [14] , although the estimation is kept simple (a linear regression model that does not model error components explicitly and does not include dynamics). The intention of the regression model is simply to capture the linear association between the GHQ' score and a range of socioeconomic characteristics. It should not be taken as a structural model or used to infer a direction of causality. Table 9 gives the names and definitions of the regressors and full details of the OLS regression results are given in a table in the Appendix.
The coefficients are presented along with Huber-White robust standard errors that are adjusted for clustering within-individuals due to the use of panel data. Tables 10 and 11 (12), the product of the mobility index and "elasticity" gives the actual contribution of the regressor to the index of health-related income mobility which is shown in the final column. Starting with equivalent income, note that this variable has a positive income mobilityfor both men and women so that taking a long-run average reduces the degree of (pro-rich) income inequality and, at the same time, a positive elasticity. Thus, the dynamics of income would, ceteris paribus, reduce the degree of pro-rich income-related health inequality in the long-run. At 15% for men and 13% for women, this is the largest effect among the regressors in this model. Now consider the effect of the marital status dummy variables, for which the omitted category is married or living as a couple. There is more pro-poor inequality in widowhood in the long-run and widowhood is associated to worse health , so its incidence makes health less concentrated among the poor in the long-run. Divorce is associated with a worse level of health for both men and women. For men, divorce is more concentrated among the poor in the long-run, and it makes health less concentrated among the poor in the long-run. By contrast, for women divorce is less concentrated among the poor in the long run so it contributes to make health more concentrated among the poor in the long run. Bachelorhood is negatively associated with health for both men and women. For both genders this characteristic is less concentrated among the poor in the long run so it contributes to make health more concentrated among the poor in the long run. It is noteworthy that, in the case of women, the value of the mobility index for this regressor is greater than one in absolute value, which reveals that the latter is pro-rich unequally distributed in the long run but pro poor unequally distributed if one judged by the cross sectional measures alone. Having children is positively associated with health for both genders, and since there is less pro-poor inequality in the number of children in the long-run, fertility contributes to making health less concentrated among the poor in the long-run.
The only statistically significant variable among the social class controls is found for skilled manual male workers, which on average report a greater level of health than skilled non-manual workers (the omitted category). The former characteristic is more concentrated among the poor in the long run, so it contributes to make health more concentrated among the poor in the long run.
Unemployment is negatively associated with health for both men and women. For both genders it is less concentrated among the poor in the long-run so it contributes to make health more concentrated among the poor in the long run. Being retired is positively associated with the GHQ' measure of mental health for both genders and, because there is more pro-poor inequality in retirement in the long-run, it contributes to make health more concentrated among the poor. The effects of family care and student are not statistically significant at the 5% level.
Concerning the included education variables, there are no significant differences in the reported level of health with respect to having A levels (the omitted category). In any case the estimates in tables 10 and 11 suggest that university qualifications are less concentrated among the poor in the long run whereas the lack of qualifications is more concentrated among the poor in the long run.
The coefficient on the dummy variable for men of non-white ethnic origin (with the omitted category set to white) is significant at the 5% level and suggests a negative association with health.
The mobility index for this characteristic is greater than one in absolute value and its long run concentration index is positive. This means that while the cross sectional measures would suggest pro-poor inequality in non-white origin, there is actually pro-rich inequality in the long run. The net effect is therefore a contribution towards making health more concentrated among the poor in the long run.
Finally, the contribution of the residuals of the econometric model outweigh the contributions of the regressors, an indication of the presence of systematic unobserved heterogeneity which would have to be tackled with more sophisticated econometric specifications.
Conclusion
This paper presents a method for the analysis of health inequalities when longitudinal data is available and we show that there are important features of income-related health inequality that cannot be revealed by cross sectional data. We use Shorrocks's [15] framework for the analysis of mobility with a view to developing a measurement tool for the change in income-related health inequality when a longitudinal perspective is adopted. Our analysis shows that, whenever there are systematic differences in health among individuals who are upwardly (income) mobile and downwardly mobile, long-run income-related health inequality will differ from the picture that one might obtain when measurement is made either over a short time span or over a sequence of independent snapshots. If healthy individuals are upwardly mobile and unhealthy individuals are downwardly mobile, measured income-related health inequality will tend to increase when a longrun measure of health is used and vice versa. Such changes can be measured by an index of healthrelated income mobility.
Our analysis is based on the familiar concentration index of health on income. One of the attractive features of the concentration index as a measure of income-related inequalities in health is the possibility to incorporate an econometric model for health and subsequently proceed to the decomposition of inequality into the contributions of each of the regressors (Wagstaff et al. [6] ). By analogy, we show how health-related income mobility can be decomposed into the contributions of covariates in an econometric model. We illustrate these methods by analysing the dynamics of income and mental health as measured by the GHQ index of psychological well-being in the first nine waves of the British Household Panel Survey (BHPS). The results reveal that over the longrun, represented here by a period of nine years, adverse mental health is more concentrated among the poor. In particular, individual dynamics increase the absolute value of the concentration index of health on income by 15% for men and 5% for women. A simple econometric model for mental health is able to isolate some of the contributors to this change, but an overwhelming proportion is attributable to unobserved individual heterogeneity.
The distinction between the short-run and long-run will be of interest to policy makers whose ethical concern is with inequalities in long-run health. For example, the "fair innings" perspective suggests that equity should be defined in terms of a person's lifetime experience of health (Williams and Cookson [28, p.1899] ). In practice, this lifetime experience could be measured using DALYs (Murray and Lopez [29] ) or QALYs (Williams [30] ). The kind of panel data used in our empirical application is too short to provide a full picture of the lifetime experience of health for each individual and an alternative would be to apply the methods presented here to pseudo-cohort data.
However the panel data do provide a picture of whether there is a divergence between the shortrun and long-run measures over the length of the panel. Evidence of divergence, as shown for the GHQ data, indicates that inequalities should be a greater concern for policy makers than the cross section data suggest. Also, the analysis for Britain could form the basis for international comparisons, to see whether mobility, and the discrepancy between short-run and long-run measures, is greater in some countries than others. Decomposing the mobility index highlights those regressors that make the largest contribution to any discrepancy between the short-run and long-run measures of inequality. 
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